Viruses have high mutation rates and generally exist as a mixture of variants in biological samples. Next-24 generation sequencing (NGS) approach has surpassed Sanger for generating long viral sequences, yet how 25 variants affect NGS de novo assembly remains largely unexplored. Our results from >15,000 simulated 26 experiments showed that presence of variants can turn an assembly of one genome into tens to thousands of 27 contigs. This "variant interference" (VI) is highly consistent and reproducible by ten most used de novo 28 assemblers, and occurs independent of genome length, read length, and GC content. The main driver of VI is 29 pairwise identities between viral variants. These findings were further supported by in silico simulations, 30 where selective removal of minor variant reads from clinical datasets allow the "rescue" of full viral genomes 31 from fragmented contigs. These results call for careful interpretation of contigs and contig numbers from de 32 novo assembly in viral deep sequencing. 33 34 157
Abstract
Introduction 35 36 For many years, Sanger sequencing has been used to complement classical epidemiological and 37 laboratory methods for investigating viral infections. 1 As technologies have evolved, the emergence of next-38 generation sequencing (NGS), which drastically reduced the cost per base to generate sequence data for 39 complete viral genomes, has allowed scientists to apply viral sequencing on a grander scale. 2 Genomic 40 sequencing is ideal for elucidating viral transmission pathways, characterizing emerging viruses, and locating 41 genomic regions which are functionally important for evading the host immune system or antivirals. 3 42 43 Genomic surveillance of viruses is particularly important in light of their rapid rate of evolution. Viruses 44 have higher mutation rates than cellular-based taxa, with RNA viruses having mutation rates as high as 1.5 × 45 10 −3 mutations per nucleotide, per genomic replication cycle. 4 Due to this high mutation rate, it is well 46 established that most RNA viruses exist as a swarm of quasispecies, 5 with each quasispecies containing unique 47 single nucleotide polymorphisms (SNPs) . The presence of these variants plays a key role in viral adaptation. 48 49 Due to viruses' rapid evolution, a single clinical sample often contains a mixture of many closely related 50 viruses. Viral quasispecies are mainly derived from intra-host evolution, with RNA viruses such as poliovirus, 51 human immunodeficiency virus (HIV), hepatitis C (HCV), influenza, dengue, and West Nile viruses maintaining 52 diverse quasispecies populations within a host. 6, 7, 8, 9, 10, 11, 12, 13 Conversely, the term "viral strains" often refers 53 to different lineages of viruses found in separate hosts, or a co-infection of viruses in the same host due to 54 multiple infection events. As a result, sequence divergence is usually higher when comparing viral strains 55 compared to quasispecies. In this study, we use the term "variant" to encompass both quasispecies and 56 strains regardless of how the variants originated in the biological samples. 57 58 Since many sequencing technologies produce reads that are significantly shorter than the target 59 genome size, a process to construct contigs, scaffolds, and full-length genomes is needed. Reference-mapping 60 and de novo assembly are the two primary bioinformatic strategies for genome assembly. Reference-mapping 61 requires a closely-related genome as input to align reads, while de novo assembly generates contigs without 62 the use of a reference genome, and therefore is the most suitable strategy for analyzing underexplored taxa 14 63 or for viruses with high mutation and/or recombination rates. 64 65 In this study, we first examined how often NGS and de novo assembly were applied in viral sequencing 66 in GenBank Nucleotide entries (www.ncbi.nlm.nih.gov/nucleotide/). Then we investigated how the presence 67 of variants affected assembly results -simulated and clinical NGS datasets were analyzed using multiple 68 assembly programs to explore the effects of genome variant relatedness, read length, and genome length on 69 the resulting contig distribution. The rise of NGS and de novo assembler use in GenBank viral sequences 73 74 GenBank viral entries from 1982-2017 were collected and analyzed, with extensive analyses performed 75 to evaluate technologies and bioinformatics programs cited in records deposited between 2011 and 2017. 76 Through 2017, there were over 2.3 million viral entries in GenBank; however, over 70% (1.7 million) do not 77 specify a sequencing technology [ Supplement Table S1 ] due to the looser data requirement in earlier years. 78 When looking at recently deposited records (2014) (2015) (2016) (2017) , the Illumina sequencing platform was the most 79 common NGS platform used for viral sequencing, with about a 2-fold increase over the next most popular NGS 80 platform [ Figure 1d & e]. When long sequences (≥2,000 nt) are considered, NGS technologies surpassed 81 Sanger in 2017 as the dominant strategy for sequencing, comprising 53.8% (14,653/27,217) of entries 82 compared to 46.2% of entries (12,564/27,217) for Sanger [ Figure 1f and Supplement Table S2 ]. 83 84 Hybrid sequencing approaches, where researchers use more than one sequencing technology to 85 generate complete viral sequences, have also become more common over the past several years. The most 86 common combination observed was 454 and Sanger (18,002 entries), likely due to the early emergence of the 87 454 technology compared to other NGS platforms [ Figure 1c and Supplement Table S3 ]. However, combining 88 Illumina with various other sequencing platforms is quite commonplace (>10,000 entries).
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De novo assembly programs (ABySS, BWA, Canu, Cap3, IDBA, MIRA, Newbler, SOAPdenovo, SPAdes, 91 Trinity, and Velvet) have increased from less than 1% of viral sequence entries in 2012, to 20% of all viral 92 sequence entries in 2017 [ Figure 1h & i]. A similar increase was observed for reference-mapping programs 93 (i.e., Bowtie and Bowtie2), from 0.03% in 2012 to 6.5% in 2017. Multifunctional programs (Suppl. Information) 94 that offer both assembly options were the most common programs cited for the years 2013-2017, but since 95 the exact sequence assembly strategy used for these records is unknown, the contributions of de novo 96 assembly are likely underestimated. An expanded summary of the sequencing technologies and assembly 97 approaches used for viral GenBank records is available in Supplement Tables S1-S6.   98   99 Effect of variant assembly using popular de novo assemblers 100 101 After establishing the growing use of NGS technologies for viral sequencing, we next focused on 102 understanding how the presence of viral variants may influence de novo assembly output. We generated 247 103 simulated viral NGS datasets representing a continuum of pairwise identity (PID) between two viral variants, 104 from 75% PID (one nucleotide difference every 4 nucleotides), to 99.6% PID (one nucleotide difference every 105 250 nucleotides) [ Figure 2 ]. For Experiment 1, these datasets were assembled using 10 of the most used de 106 novo assembly programs [ Figure 2 and Supplement Figure S1a ] to evaluate their ability to assemble the two 107 variants into their own respective contigs as the PID between the variants increases.
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One key observation is that the assembly result can change from two (correct) contigs to many 110 (unresolvable) contigs simply by having variant reads; the presence of viral variants affected the contig 111 assembly output of all 10 assemblers tested. The output of the SPAdes, MetaSPAdes, ABySS, Cap3, and IDBA 112 assemblers shared a few commonalities, demonstrated by a conceptual model in Figure 3A . First, below a 113 certain PID, when viral variants have enough distinct nucleotides to resolve the two variant contigs, the de 114 novo assemblers produced two contigs correctly [ Figure 3 ]. We refer to this as "variant distinction" (VD), with 115 the highest pairwise identity where this occurs as the VD threshold. Above this threshold, the assemblers 116 produced tens to thousands of contigs [ Figure 3 ], a phenomenon we define as "variant interference" (VI). As 117 PID between the variants continue to increase, the de novo assemblers can no longer distinguish between the 118 variants and assembled all the reads into a single contig, a phenomenon we define as "variant singularity" 119 (VS). [ Figure 3 ]. The lowest pairwise identity where a single contig is assembled is the VS threshold. ABySS assemblers. While it was not observed with Cap3 and IDBA with the current simulated data parameters, 124 we speculate that VD may occur at a lower PID level for these assemblers than tested in this study. The PID 125 range where VI was observed was distinct for each de novo assembler [ Figure 3 ]. During VI, SPAdes produced 126 as many as 134 contigs and ABySS produced 3,076 contigs, while MetaSPAdes, Cap3, and IDBA produced up to 127 10. 128 129 A different pattern was observed for Mira, Trinity, and SOAPdenovo2 assemblers. The average number 130 of contigs generated by Mira, Trinity, and SOAPdenovo2 was 5, 36, and 283, respectively across all variant PIDs 131 from 75%-99.96%. Specifically, Mira and Trinity generated fewer contigs at low PID, but produced many 132 contigs when the two variants reach 97.1% PID and 96.0% PID, respectively. For SOAPdenovo2, a larger 133 number of contigs were produced regardless of the PID. This indicates that these assemblers generally have 134 major challenges producing a single genome; this has been observed in previous studies comparing assembly 135 performance. 15 136 137 Finally, Geneious and CLC were the least affected by VI in the simulated datasets tested, returning only Notably, no matter the genome length, SPAdes produced vastly more contigs (i.e., VI) in a constant, 154 narrow range of PID [99%-99.21% ; Figure 4a & b]. The effect of variants on assembly was characterized by 155 the three distinct intervals described previously: VD at lower PIDs, VI [ Figure 4b ], and VS at higher PIDs for all 156 genome lengths. For example, during VS, a single contig was generated when the two variants shared ≥99.22% PID, but tens to thousands of contigs were generated at a slightly lower PID of 99.21%. This PID threshold, 158 99.21%, marked the drastic transition from VS to VI, whereas the transition from VI to VD (i.e., the VD The read length of a given NGS dataset will vary depending on the sequencing platform and kits utilized 166 to generate the data. Since read length is an important factor for de novo assembly success, 16 we 167 hypothesized that it may also influence the ability to distinguish viral variants. For Experiment 3, using SPAdes For clinical samples, assembly of viral genomes is affected by multiple factors other than the presence 176 of variants, including sequencing error rate, host background reads, depth of genome coverage, and the 177 distribution (i.e., pattern) of genome coverage. We next utilized viral NGS data generated from four 178 picornavirus-positive clinical samples (one coxsackievirus B5, one enterovirus A71, and two parechovirus A3) 179 to explore VI in datasets representative of data that may be encountered during routine NGS. The NGS data 180 for each sample was partitioned into four bins of read data: (1) total reads after quality control (T); (2) major 181 variants only (M); (3) major and minor variants only (Mm); and (4) major variants and background non-viral 182 reads only (MB) [ Figure 5 ]. These binned datasets were then assembled separately using three assembly 183 programs: SPAdes, Cap3, and Geneious. By comparing these manipulations, we aimed to test the hypothesis 184 that minor variants directly affect the performance of assembly through VI in real clinical NGS data. Figure S2 ]. 22 Even though the de novo assembly graph linked the different contig fragments, the assembly 221 could not differentiate the multiple routes of possible contig construction. We speculate this is the main 222 reason why VI occurs in the context of de Bruijn graph assemblers. The large number of contigs generated due to VI may be overwhelming for most researchers, and for 232 viral ecology studies, could lead to over-estimation of species richness for methods that use contig spectra to 233 infer richness, such as PHACCS or CatchAll. 24, 25, 26 This phenomenon may also impact studies differently 234 depending on the overall goal for generating viral sequence data. For example, some researchers may only be 235 concerned with generating a single major consensus genome, even when variants are detected in the data. The effects of VI could potentially be mitigated by running multiple assembly programs. A previous 243 study testing bioinformatics strategies for assembling viral NGS data found that employing sequential use of 244 de Bruijn graph and overlap-layout-consensus assemblers produced better assemblies. 15 We speculate that 245 this "ensemble strategy" 15 may perform better because the multiple assemblers complement one another by 246 having different VI PID thresholds. Future assembly approaches could also consider resolving the VI problem 247 by possibly discriminating the major and minor variant reads first (perhaps by coverage or SNP analysis), and 248 then assembling major and minor variant reads separately.
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Since we observed VI occurring in simulated data from 2 Kb to 1 Mb genome lengths, we speculate 251 that it may not only affect viral data but also larger draft contigs of bacteria and other microorganisms. Even 252 though bacterial mutation rates are much lower than those of most viruses, bacterial variants are common. 253 For environmental studies, bacterial metagenomes are known to contain many related taxa and variants 27 28, This study aimed to understand how variants affect assembly. As an initial investigation, many 259 confounding factors were simplified for experimentation. Simulated variants studied here only depicted 260 periodic mutations, set at regular intervals. However, in real viral data, SNPs are never evenly distributed 261 across the genome, with zones of divergence and similarity. 31, 32 Other important factors which influence 262 genome assembly include sequencing error rates, presence of repetitive regions, and coverage depth. We 263 limited our experiments to keep these factors constant in order to investigate the sole effect of VI. Through 264 this exploration, we demonstrated that reads from related genome variants adversely affect de novo 265 assembly. As NGS and de novo assembly have become essential for generating full-length viral genomes, 266 future studies should investigate the combined effects of the number and relative proportion of minor 267 variants, as well as additional assembly factors (e.g., error rates) to supplement this work. 283 Simulated genomes were generated using custom scripts that randomly assign each nucleotide over a 284 designated genome length with a weighted distribution dependent on the GC content [Supplement Figure S1 ]. 285 The random genomes were then screened using NCBI BLAST to insure no similarity/identity existed to any 286 classified organism (i.e., no BLAST hits). These simulated genomes served as the initial variant genome (variant 287 1). To generate the mutated variant genomes (variant 2), a custom script was used to systematically introduce 288 evenly distributed random mutations at rates from 1 mutation in every 4 nucleotides (75% PID) to 1 mutation 289 in every 250 nucleotides (99.6% PID), incrementing by 1 nucleotide. 290 291 Following the generation of initial and mutated variant genomes, high-quality fastq reads were 292 generated using ART, 33 simulating Illumina MiSeq paired-end runs at 50X coverage with 250 nt reads, 293 DNA/RNA mean fragments size of 500, and quality score of 93. Fastq reads were combined in equal numbers 294 for the initial and mutated variants, and used as input for subsequent de novo assembly experiments 295 [Supplement Figure S1 ]. The same process was utilized to generate the artificial genomes, initial and mutated 296 variant genomes, and reads for each of the experiments. 297 Experiment 1: Analyzing simulated reads from variants using different de novo assembly programs 298 299 The simulated datasets containing reads from two variant genomes with nucleotide pairwise identity 300 ranging from 75%-99.6% were analyzed using 10 different genome assembly programs. Table S6 ]. The simulation settings for the reads were single-end reads, 250 nt read length, and 305 50X coverage. A total of 2,470 assemblies (247 datasets per genome X 10 assemblers) were analyzed 306 [Supplement Figure S1a ]. Artificial genomes were constructed for four genome lengths: 2 Kb, 10 Kb, 100 Kb, and 1 Mb, with 311 varying GC content from 20%-80%, in 5% increments [Supplement Figure S1b ]. Datasets derived using one 312 poliovirus genome (NC_002058) and one coronavirus genome (NC_002645) were also included in this analysis, 313 representing the lower and upper genome length range typical of RNA viruses. The original GC content was 314 kept constant for the poliovirus and coronavirus genomes. For all of these genomes, simulated reads for initial 315 and mutated variants were generated as above. 316 317 A total of 13,338 SPAdes assemblies were generated, which included 12,844 assemblies for the four 318 artificial genomes (247 datasets per genome X 4 artificial genome lengths X 13 GC content proportions X 1 319 assembler) and 494 assemblies for the poliovirus and coronavirus datasets (247 datasets per genome X 2 320 genomes X 1 assembler) [Supplement Figure S1b Genome variants were generated as described above ("Creation of simulated variant genomes and 331 reads") for a genome of size 100 Kb with 50% GC; this was the starting initial variant genome. In this 332 simulation, initial and mutation variant reads at four sequencing read lengths (50, 100, 150, and 250 nt) were 333 created using ART. A total of 538 SPAdes assemblies were generated (47, 97, 147 , and 247 datasets for the 50, Figure S1 . In the second step, an artificial mutated variant 546 genome was created. The process is repeated to generate 247 different mutated variants with controlled 547 mutation parameters-starting with 1 mutation every 4 nucleotides (75% PID) and ending with a mutated 548 variant with 1 mutation in every 250 nucleotides (99.6% PID). Mutated variant reads are also generated for 549 each of the mutation parameters. In the third and fourth steps, the initial and mutated variants were then 550 combined and used as input for de novo assembly for the three experiments, as detailed in Supplement Figure 1a and Supplement Table S1 ]. GenBank entries started incorporating information on 619 the sequencing technology platform used in 2011. Through 2018, 144,712 viral entries (22%) had documented 620 utilization of NGS sequencing technology, compared to 500,027 entries (77%) utilizing Sanger methods [ Figure   621 1b and Supplement Table S1 ]. Illumina was the most common NGS platform used for viral sequencing, with Table S2 ]. 
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